In the current age of technology, comprehension of the English language is very important. This is because that often innovation and discoveries are done by English speaking countries. And thus, it is considered as being the most important and widely used international language. Further, the need for learning an additional language has increased due to globalization in an unprecedented manner. Therefore, English is being taught as an additional language at various levels of education. In traditional classrooms of non-English speaking countries, students only learn English in their language classes whereas they have few opportunities to practice English outside the classroom. However, the specialized nature of mobile technologies has opened a new horizon for learners that make information available to people at any time, at any place, and in any form.The number of smartphone users is increasing every year and more than 4.78 billion smartphone users are in the world today.It can be understood that learning increases when the learning process is integrated with daily life routine activities. The context-awareness is one of the commonly used techniques that provide specialized content to different learners based on their context parameters. The word 'context' refers to any information that can be used to characterize the situation of a particular entity. The context parameter includes location, time, concentration level, Interest and learner's knowledge. Based on these context parameters, a Context-aware Part-Of-Speech (C-POS) learning system is designed, implemented and evaluated. Different experiments are conducted to evaluate the performance of learners' which is increased by 9%. The evaluation of results provides evidence that the C-POS learning system can be successfully adapted by the non-natives speakers to learn the English language effectively. INDEX TERMS Traditional learning, context-aware learning, e-learning, mobile technologies, technology acceptance model.
I. INTRODUCTION
English is considered as the language of science [1] . This is because that often innovation and discoveries are done by English speaking countries. About 360 to 400 million people speak English as their first language. There are many countries where English is the national language and the native language of the majority. For example, the USA, which is the most populous English speaking country and about 70% of native English speakers. And there are certain countries where English is the official language such as Pakistan, India, and Bangladesh. The usage of English language across the The associate editor coordinating the review of this manuscript and approving it for publication was Larbi Boubchir . globe has been shown in Fig I. In this figure, the inner circle represents those countries where English is spoken as the first language, the outer circle represents those countries where English is used as an official language, and the outer circle represents those nations where English importance has been recognized. Further, due to the leading role of English speaking countries in every aspect of life, the ability to learn English has become vital.
English is being taught as an additional language at various levels of education [2] . In traditional classrooms of non-English speaking countries, students only learn English in their language classes whereas they have few opportunities to practice English outside the classroom. In the current age of technology, the enhancement in mobile devices is progressing on a daily basis to meet the needs of current age users. The statistics shown in Fig 2 depicts the total number of smartphone users world-wide from 2015 to 2020. The number of smartphone users is forecasted to grow from 4.15 billion in 2015 to around 4.78 billion in 2020. The growth in mobile-technologies has attracted the attention of the researcher in Technology Enhanced Learning (TEL) [3] . TEL is a learning environment that is supported by the use of educational and communication technologies, through which we study how mobile can be used for academic purposes to enhance students' learning. The increasing importance of the mobile phone has made them popular for learning purposes. Smartphones have been used in various learning activities. Mobile phones offer the opportunity to learn outside the classroom.
Mobile devices are recognized as an emerging technology that facilitates teaching and learning strategies [4] . These mobile devices can engage students in their learning activities inside and outside of the classroom without place and time constraints [4] . Educators claim that mobile technologies are great tools that can make use of contextual information such as location, timing, concentration level in a comprehensive manner.
The context-aware concept was proposed by Theimerin 1994 in Institutional learning theory [5] . The focus of this theory is to provide proper information to each user according to their needs. In the literature, the term ''context'' appears first in Schille and the letter of Theimer [6] . They defined the context is location, the identification of people, nearby objects, and monitoring the changes in those objects. Similarly, Ryan et al. [7] defined the ''context'' as the location of a user, his/her environment, user identity, and time. Another study conducted by Abowd et al. [8] , summarized previous work and gave an additional definition of context that is ''context is any information that can be used to characterize the situation of an entity''. An entity could be anything, for example, a person, place, or object. It is considered relevant if there happens some interaction between a user and an application. Finally, context is the determination of proper environmental conditions based on various roles between a learner and a teacher and its impact on learner's learning activity [9] .
Context-awareness implies gathering information from the environment and preparing relevant activities and contents [10] . The development of context-aware applications was started at the end of the last century. The first study we found was of Fickas et al. [11] . According to them, a context-aware application (an environmentally-oriented application) states that those applications may be considered a context-aware application that can adapt their functionality with respect to environmental changes or user-defined instructions. Brown et al. [12] defined context-aware applications are those applications that provide information to the end-users based on the context detected by various sensors. Some other authors such as Abowd et al. [8] gave a broadly accepted context-awareness definition that a system is context-aware if it uses the context information to provide relevant information or services based on the users' task history.
A context-aware mobile learning (m-learning) mechanism is an effective approach for shaping the learning attitude [13] , [14] . The context-awareness learning system means that the system can determine the learners' status, such as learner's achievement, needs, and interests to provide relevant learning content to the learners as they learn in real-world [15] . The context-aware based learning is considered a paradigm shift in the e-learning horizon. The various stages of e-learning are shown in The central theme of context-aware based learning is adaptivity and personalization. It is the process of enabling the system to adapt its behavior and functionality based on educational needs (such as learner's preference, individual ability, and interests), the personal aspects, and the environmental features of the individual learners in order to maximize their satisfaction, learning speed and learning effectiveness [16] , [17] .
For this reason, many context-aware language learning systems have been successfully implemented to aid English learning. The following are some of the examples of such systems; a Context-Aware Mobile LEarning System (CAMLeS) for recommending appropriate English learning content to support learners in the TOEFL examination preparation [18] , a Personalized Intelligent Mobile learning System (PIMS) for supporting effective English reading [19] , HELLO, a contextaware mobile learning system, designed to aid learner to improve their performance in oral presentation [20] , a personalized mobile English vocabulary learning system for recommending appropriate English vocabulary materials to learners [22] . The key benefits of these systems are that learners are provided with personalized learning experiences in the real world. These systems increase the performance of learners in learning the English language. However, these systems neglect the importance of a learner's ability, preferences, behavior, and interest. Keeping in view the aforementioned limitations in existing research, more research is required to understand important learning parameters and parts of language acquisition. Some adaptive language learning system has been developed, but they lack in addressing comprehensive learning parameters, particularly for English language learning [23] . One such aspect is learning Part-of-Speech (POS) of a language. A language is a combination of words and they play various roles and functions. Therefore, POS is learning one of the essential components in language learning which is unfortunately overlooked by the existing literature. One of the reasons for not having such a detailed system was lacking in advanced technologies. Such a system usually requires a dependable Natural Language Processing (NLP) system that can perform NLP tasks with sufficient accuracy. Fortunately, at present NLP has made sufficient progress so that it can be used for developing a more advanced learning system. The same notion is pointed out by various authors e.g. [24] who states that Natural Language Processing (NLP) is an effective approach for bringing improvement in the educational setting. Similarly, Schoelles and Henry describes that NLP has an important role in foreign language intelligent tutoring and learning environments, whether they are designed for explicit or implicit learning of the vocabulary and grammar [25] .
To overcome these limitations, a context-aware language learning framework is proposed to help the end-user to learn Parts-of-Speech.
The interest of this research is to exploit the contextual information as well as the learner's model to affect the learner's learning. Based on various context parameters, a C-POS Learning system was designed, implemented, and evaluated. The proposed system provides a platform for the end-users to learn Parts-of-Speech. The proposed system mainly consists of two major components that is a) courseware component (for preparation content to be consumed by learners) and b) client component (for capturing the end-user contextual information and recommending content based on contextual details). For that matter, the system first prepares content so that end users can consume it for learning. The client component presents specialized content to the end-users based on its contextual information (Location, Time, Concentration Level, and Interest in learning particular POS).
Before the evaluation of the hypothesis, we evaluate the system adoption by the end-users. For the evaluation of the C-POS Learning system Technology Acceptance Model (TAM) is used in which a questionnaire was prepared and answered by a group of users. The questionnaire analyses indicate that the system is adaptable as 82% consistent response was recorded. Later on, experiments are conducted and they indicate that the performance of learners is increased by 9% who used a Part-of-speech learning system with context-aware features (i.e., C-POS). The evaluation results provide evidence that the C-POS learning system can successfully adapt the learning content based on contextual information.
The rest of this paper is structured as followed: First, the current literature available in language learning is discussed. In the next section, the proposed methodology for context-aware language learning is explained in which context factors using in our model to adapt course content for each learner is introduced. System implementation with our experiments will also be described in section four. Finally, the whole research work has been concluded and future directions are provided.
II. LITERATURE REVIEW
Several research studies focus on the role of mobile technologies in learning activities. Here in the literature review, we focus on different context-aware m-learning applications particularly that deal with English language learning. Learning a foreign language required learning oral skills and learning the written language and all of them depend on grammar which is shown in Fig 4. The usage of mobile phones in language learning can be helpful in many different aspects such as grammar, vocabulary, spelling, listening, and reading skills [26] - [30] . In terms of mobile phone usage in English language learning, Chen and Li [31] state that the frequent use of smartphones by additional language learners enable them to do sufficient English language practice regardless of their locations. In the 19th century, grammar was one of the most important parts of learning a foreign language [32] . Grammar has been taught in various ways throughout the history of language learning.
A. GRAMMAR
The role of grammar in any language is evident. Every person communicating using a language becomes aware of the grammar of the language [33] . Thus, grammar can help students in correcting their mistakes and improving their writing. It shows that a foreign language can not only be learned perfectly and accurately through a process of unconscious assimilation. Other authors Hinkel and Fotos mention that grammatical knowledge helps a speaker to organize and express the idea in his mind, thus improving the development of fluency [34] . Cui and Bull introduced intelligent tutoring system TenseITS. It was developed for the Chinese to learn the English language [35] . This system adopts the learning contents according to the learner's knowledge state, location, concentration and time. Based on the learner model appropriate learning material is selected. Another system, Units of Learning mobile Player (UoLmP) which is a personalized and context-aware adaptive mobile learning system. This system supports learners by delivering adaptive learning content. This learning content is derived from the learner's contextual element in the aspect of learning design, learner profile, learner's temporal information (needs and Interest), location, time and other physical conditions [36] . TANGO is another context-aware mobile learning system that supports English language learning by providing learners with an adaptive content and support based on learner's location [37] . CoMoLE is another system that provides recommendations of adaptive learning activities based on learner's location, learner profile and time [38] . A Context-Aware Mobile Learning (CAML) system allows a user to acquire learning material at any time and any place related to their context. It is based on a learner's level of learning to adapt suitable learning content [39] , [40] .
B. VOCABULARY
Vocabulary learning is an essential part of any language learning. Wilkins [41] argued that you could communicate very little without grammar, whereas you cannot convey without vocabulary. Thus, for English language learning, vocabulary is of utmost importance. Many researchers have agreement on this that the main obstacle in English learning is the limited vocabulary of most of the users [42] , [43] . Many studies have been conducted to enhance the vocabulary of users. A personalized context-aware ubiquitous learning system (PCULS), which is designed to support English vocabulary learning and provide appropriate learning content to the individual learner [31] . This system makes use of contextual information a user to provide adaptive content. Chen and Chung in their research, have used the personal digital assistant to develop a personalized mobile vocabulary learning system for recommending appropriate English vocabulary materials based on learner individual abilities regardless of their location [22] . This personalized English vocabulary learning system can significantly improve learner English vocabulary skills and promote learning interests.
C. READING ABILITY
Huckin, Haynes, and Coady showed that along with vocabulary, reading ability is also the key component of the additional language, especially in academic settings [44] . Reading is known as one of the most important aspects of an English curriculum [45] . Personalized Intelligent Mobile learning System (PIMS) is developed by Chen and Hsu to evaluate the reading abilities of the individual and recommend English news articles on their performance [19] . This study accepts the benefits of mobile learning to break space and time constraints easily and provides a personal intelligent learning content. The proposed system offers benefits to promote learner's reading skills by providing a personalized recommendation to individual users. Another author Hsu developed a personalized recommendation system for English language learning that offered English as Second Language (ESL) students with reading lessons based on analyzing their preferences [46] . This system proved to be very useful to increase the motivation and interest of ESL students in reading. Another personalized mobile learning system is proposed that provides recommendations for the guidance of ESL students to read English articles. This adaptive mobile language learning approach benefits them in terms of learning efficiency and effectiveness [47] .
D. LISTENING AND SPEAKING
The use of mobile phones will be of great benefit in language learning, especially in vocabulary and reading skills, etc. In order to communicate effectively, it is required for users to learn a large number of words. Handheld English Language Learning Organization (HELLO) is a context-aware mobile learning system that aims to improve student's language based on their location and previous knowledge [20] . This study showed that the use of mobile devices for English learning to increase their performance in oral presentation.
E. PART-OF-SPEECH
Additionally, Parts-of-speech also plays a vital role in English language learning. Parts-of-speech is often referred to as the building blocks of language. Language is a combination of words and sentences. The words play different roles and functions in a sentence. The NLP tools like Character Analyzer for analyzing character, Morphological Analyzer and Generator, Verb Conjugator for the word level analysis, and Parts-of-Speech Tagger for labeling automatic annotation of syntactic categories for each word in a corpus will be extremely useful for additional language learners to understand the character, word and sentence construction of English language in a non-conceptual way [21] . Thus, knowing about each part-of-speech will help learners to use words correctly when speaking and writing and enhanced learner's communication skills. It is a basic unit of grammar, making them a natural choice for understanding language. The main objective of this section is to evaluate the research studies covering parts of speech learning activities. CAMLeS is a context-aware mobile learning system that was developed for supporting Vietnamese students to learn the English language [18] . It provides learning content to the users based on various contextual factors such as knowledge, location, time, and concentration level. This system allows the learner to learn adaptive materials anytime and anywhere. The content model used in this system comprises of mainly five topics: Adjectives and Adverbs, Pronouns, Questions, The Noun Phrase, and Commands. Under each type, there are corresponding sub-types for example, Adjective, and their sub-types include Manner, Place, Time, Frequency, Sentence, Degree, Interrogative and Relative. We have critically evaluated each study and make a comparative table as shown in Table 1 , which compares existing context-aware mobile learning systems based on their targeted aspect of language learning.
Keeping in view the aforementioned limitations in existing research, more research is required to understand important learning parameters and parts of language acquisition. Some adaptive language learning system has been developed, but they lack in addressing comprehensive learning parameters, particularly for English language learning [18] . To overcome these limitations, a context-aware and adaptive framework is proposed that provides an efficient and effective learning environment by providing appropriate POS (Parts of speech) recommendations to learners.
III. PROPOSED WORK
The system architecture diagram is shown in Fig 5. The architecture of the proposed adaptive POS language learning system consists of two major modules that are 1) Creation of Courseware and 2) Mobile Learning System. The courseware component contains a personalized courseware database. To construct courseware, the needed course materials are retrieved from the internet and stored into the persistent courseware database. The process of classification and text segmentation is then applied to determine the complexity of article sentences. The second component of the system uses contextual information to make dynamic learning adaptation decisions for guiding learners during their learning process. The contextual information that is consumed by the system is Location, Time, Concentration Level, Interest, and Individual Ability. Based on this contextual information, the system develops a specialized learner's model. Based on the learner model, the adaptive language learning system provides the appropriate POS recommendation. The details of each sub-process explained below: 
A. CREATION OF COURSEWARE
This module deals with the preparation of content for C-POS learners. It consists of various processes such as Dataset selection of English language, Pre-processing, Sentence Segmentation, Computing complexities of each sentence, and finally, POS tagging each of word of every sentence. These steps are necessary as they allow us to filter proper content based on user leaner contextual information. In summary, the content of the articles is extracted and split into sentences. Then the complexity score of each sentence is computed. Further, each word is tagged using a POS tagger. All of this information is stored in a relational database for later on use by C-POS system. Each of the steps is explained below in detail.
1) COMPREHENSIVE DATASET COLLECTION
For a convincing evaluation of context-aware part-of-speech language learning framework, an appropriate dataset is essential. Currently, many websites have provided a large number of English news articles. Further, this part can be implemented in way to extract content from the online sources and then apply intelligent mechanism as proposed in [48] - [51] . In this study, we used a comprehensive dataset of news articles available for evaluating proposed approaches. This news article dataset originating from BBC News provided for use as benchmarks in this research [52] . It's an open-source BBC Dataset that is used in machine learning researches. The dataset contains 2571 documents from the BBC news website which is divided into 7 different categories. Each article is labeled with one of the following seven classes: (Business, entertainment, politics, sport, tech, world, and health). Table 2 shows different categories and the total number of articles per class of English news articles.
2) PRE-PROCESSING
Pre-processing in an important step whenever one tries to prepare data for the final experiment. In this step, data is prepared in a format so that it can be processed.The following are common steps that are performed in our case.
Formatting: Formatting is one of the data pre-processing steps. Firstly, the news article dataset read from the files is in txt format. We might run an experiment on containing dataset which can't be accurately performed on txt format. For the better performance we convert this dataset into some specific format. The purpose of this pre-processing step is to convert new articles dataset into a relational database format so that they can be processed later on for POS recommendation. In our case, the data from files are converted to the relational database. The articles are categorized in the database in the category table, and files belong to some category, so persisted in the ''Files'' table. Similarly, sentences of files are stored in the ''sentences'' table. Further, sentences consist of various parts of speech/words, and this information is stored in the ''word'' table as shown in Fig 6. 3) SENTENCE SEGMENTATION After preprocessing, we often need to take additional steps to represent the text in the form of sentences. The process of sentence segmentation splits the text into chunks of successive text fragments, usually blocks of sentences. To detect sentences, the classified articles are processed to extract sentences using the OpenNLP Natural Language [53] . To detect a sentence using OpenNLP library, first we need to detect sentences in a given text. The following are the details of each step.
Step 1: First, Sentence Detector has initiated. A predefined model in OpenNLP to detect sentences named en-sent.bin. A SentenceModel class is defined for sentences in a given text. Thus a model is created.
Step 2: After the model is loaded, the pass an instance of SentenceDetectorME. Then the provided text is divided into sentences with the help of SentenceDetectorME class. The ME refers to ''Maximum Entropy''. Various methods of OpenNLP library make use of ME in accomplishing various computational tasks. The maximum entropy principle allows us to choose the best result when you have various options. SentenceDetectorME class is instantiated by providing model object created in step1.
Step 3: Pass a text into the sentDetect() method then output an array of Strings, where each String is one sentence. The sentDetect() is the actual method of the SentenceDetectorME class used to detect the sentences in the given textual content. 
4) MEASURING SENTENCE COMPLEXITY OF ENGLISH NEWS ARTICLES
Afterward, sentence complexity is computed using the Flesch-Kincaid readability test. One of the most common schemes to compute the complexity of a sentence is Flesch's formula. This working of this formula is based on certain parameters such as words, syllables and sentences' length. Basically, the number of words, syllables and the overall length of a sentence determines the complexity score of a sentence. In our case, sentence complexity is determined instead of the whole article. Flesch-Kincaid Readability Ease (RE) formula is shown in Equation 3.
X = Total Words Total Sentences
(1)
Y = Syllables Total Words
(2) RE = 206.835 − 1.015 * X − 84.6 * Y
In computing the sentence complexity, the total sentences will be one; however, the total numbers of words and syllables could be different. Table 3 shows the computed score in the range of 0 to 100. The score zero represents complex sentences whereas the maximum value points to simple sentences.
In our case, this complexity measure is used when recommending a sentence to a particular user based on provided contextual information.
5) PART-OF-SPEECH IDENTIFICATION
There are various Parts-Of-Speech (POS) such as adjectives, verbs, nouns, pronoun etc. The POS describes the role of the word in any sentence. These words have different roles to play with in the sentences and these sentences perform different function. So parts of speech helps us to construct meaningful sentences. Table 4 shows various POS tags. POS tagging is the processing of identifying corresponding tags for a word in a sentence. In this study, part-of-speech for each word is identified using Stanford POS tagger [54] . Stanford Postagger is one of the highest-performing POS tagger usable for multiple languages. Stanford has developed in open source code that processes the provided text and then assigns partsof-speech to each word, such as adjective, verb etc. In our experiment, english − left3words − distsim.tagger model is used for this purpose.
B. MOBILE LEARNING SYSTEM
This component of the proposed work describes the end-users interaction module. The left side of the framework depicts this module, as shown in Figure 5 . This module conceptualizes various kind of contextualized information of the learners that are gathered. Further, this module explains how the learner model is working based on contextual information to filter out the recommendations. Hence, based on learners' contextual information, the proposed system develop unique model to present POS learning material. Details of each layer are given below:
1) CONTEXTUAL INFORMATION DETECTION LAYER
This layer explains different contextual information that is used by the proposed system for POS recommendations. In m-learning, the context may support the learning process with relevant information that the learner may need when following a learning plan in a different situation. This context awareness is more important in mobile learning as it helps to load dynamic content for learners. In this research, we have used locations, concentration levels, interests, and learning time interval as contextual information. This information of learners is gathered, and based on it the content is filtered from the database. The context information details are given below:
• Detecting location (it means the content related to the learner locations will be provided based on their locations) • Collecting time interval (learning time i.e. It's the available time in which the learner wishes to use the system and learning time duration)
• Concentration level ( It is about the learner concentrations level (low, medium, or high))
• Interest ( It is about the learner preferences in learning one or more POS tags) This information can be gathered either automatically or by asking the learners to provide them initially. In our proposed framework, we ask the individual learner to provide this detailed information for completing and evaluating of hypothesis. Once this information is provided they are persisted in the database for later on recommendations.
2) DEVELOPMENT OF SPECIALIZED LEARNER'S MODEL
The most important information is to construct a learner's model that is a basic component to select adaptive content for different learners. This model is used to characterize the situation of a particular user. Based on the extracted features, the system makes use of the formulated contents to develop learner's model. This developed model is later on used for POS recommendations. Fig 7 represents the learner's model. As shown in the model, a specific category is selected based on Location information. Similarly, particular POS tags content is filtered based on the provided value of ''Interest'' whereas is concentration level is mapped over the complexity of recommended sentences.
IV. SYSTEM IMPLEMENTATION
To evaluate the effectiveness of the proposed system, we have designed, implemented, and evaluated a system which is shown in the system architecture diagram in Fig 5. The system was implemented in such a way that proposed methodology steps can be ensured for the evaluation of hypothesis. The system was implemented in the form of an Android application. The detailed of the screens are shown in Fig 8 . In the top-left corner of the system architecture diagram, it shows that it can only be used after creating an account. It was mandatory as users' profiling plays an important role in refining the recommendations. Secondly, a contextual extraction wizard is developed for extracting various types of contextual information. Details of each screen are described below:
A. SCREENS FOR EXTRACTING CONTEXTUAL INFORMATION
Upon the users' registrations, a contextual extraction wizard was designed to capture the contextual information. The developed system also helps the user to define their Interest in learning a particular POS tag. This has been shown in multiple options box to the user from where the user can select one or more POS tags for learning. This multiple options box is shown in last of Fig 8. Another factor is the learner's knowledge that is regarded as an oriental factor to determine what course content should be learned in the next stage. This knowledge is evaluated by several test questions for the first time they participate. For acquiring learners' knowledge, another screen was designed as shown in Fig 8. 
B. EXPERIMENTAL DESIGN
For the evaluation of the developed system, it was mandatory to perform experiments on real users. For this purpose, ideally, the targeted students were those who had enough knowledge of language constructs. Therefore, those students were selected that were studying English as a major in their bachelor studies. The whole experiment was conducted on Students of Gov. Girls' Degree College No 3 Kohat. The studies were conducted in a lab environment, as shown in Fig 9. As the study is conducted in a Girl's college, so all the participants of the study are Female. Further, all of the participants are pursuing bachelor studies.
For the first experiment, a total of 30 students were selected. Furthermore, subjects were briefed in detail about the whole task, i.e. learning activity of POS learning. In the very beginning, a sample test was conducted so to record the ability of the students about POS.
Afterward, the accounts of the subjects were created in the developed system, and they were facilitated to practice about POS learning. This learning activity was conducted in multiple sessions of 45 minutes.
C. SYSTEM EVALUATION
Before the evaluation of the results using the developed system, it was necessary to evaluate the system adoption by the end-users. One of the methodologies that is used in literature for the evaluation of any system i.e. called Technology Acceptance Model [55] .The variables associated with TAM are shown in Fig 10. In order to evaluate the proposed system, a questioner was prepared as shown in Table 5 . The questions are of a type such as to evaluate Skills (SKILLS), Perceived Ease of use of the system (PEOU), Perceived Usefulness of the system (PU), Acceptance of the system (P_ACCEPTANCE).
Finally, we asked participants to answer the questionnaire, composed of 14 questions on a Likert-5 scale with 1 corresponding to ''strongly disagree'' and 5 corresponding to ''strongly agree''. The questions presented to participants, along with the associated TAM variable shown in Table 5 . Finally, after the initial drafting of the questionnaire, Cronbach's alpha was used to compute the consistency among answers. Cronbach's alpha is most commonly used when we want to assess the internal consistency of a questionnaire that is made up of multiple Likert-type scales and items. It can be written as a function of the number of test items and the average inter-correlation among the items.
This metric measures how closely related a set of items are as a group. The participant of the system was asked to answer the questioners and the details of the response are shown in Table 6 .
Similarly, the Cronbach's alpha value for TAM variable 'PEOU', 'PU' and 'ACCEPTANCE' are 0.709, 0.803, and 0.715 respectively. Table 7 shows the Cronbach's alpha coefficient on different factors. We can see that Cronbach-alpha is higher than 0.7 for all factors, indicating that the reliability of data can be considered to be sufficient
D. EXPERIMENTAL RESULTS
This section highlights important results obtained from the proposed technique through the user's judgment. The analysis of the following results helped in validating the developed hypotheses. In the sections below, experimental results have been presented. We performed two different experiments. In the first experiment, the learning activity is performed by exercising the contextual details of the users, whereas in the second experiment, dynamic content are provided irrespective of their contextual details. The details are given below.
1) EXPERIMENT 1
In this experiment, the provision of context-based part-ofspeech learning content is explored. The experimental procedure adopted for learning performance assessment is based on Pre-text and Post-test assessment strategy.
Pre-test and Post-test contain multiple-choice questions related to POS which are randomly selected from the courseware database. The purpose of the Pre-test was to evaluate the performance of the selected subject before getting training. The idea was to compute evaluate the performance of the selected subject after the training. It was made sure that Pre-test and post-test were examined to confirm owing the same difficulty level. The testing time is 15 min for both pre-test and post-test. After the pre-test, participants received a training course by using the proposed system (contextual details). After finishing the training course (span across multiple sessions), all participants were invited to perform a post-test for assessing their part-of-speech learning abilities. In the meanwhile, the system can immediately monitor learner's learning states by recording learner's performance during the learning processes. Finally, results show that the proposed system improves the learning experience by considering the context factor. The consolidated results are also shown for better comprehension in Fig 11 with the help of a line graph.
In the shown Figure, the x-axis shows the users participated in the Pre-test and Post-test. We show the result of 25 students as 5 students were absent in the Post-test and so they were removed from the final graph. This graph displays the comparative results of the learning performance for both the pre-test and post-test. The post-test results indicated that participants' POS learning abilities before starting learning activity have an obvious difference. A maximum increase in performance for a subject was recorded as 30% whereas the overall average performance was increased by 9%, hence the hypothesis (provide context-based POS content to improve learners' language learning) verified.
2) EXPERIMENT 2
The objective of this experiment is to analyze how dynamic content plays a role in POS learning. The other objective was to find out if context information based learning is helpful or not. As this hypothesis only deals with dynamic content; therefore, it was important to conduct an evaluation in such a way that we can only get the impact of dynamic content. So, this experiment was planned as below:
1-Pre-test was conducted before learning activity is performed with dynamic content.
2-After that, No contextual information is gathered for recommendations.
3-Third, only dynamic content is provided for POS learning.
4-Post-test is conducted for evaluation of the performance of the subjects.
For this experiment, a new group of 30 subjects were selected. The reason for the selection of a new group of users was to ensure that we can verify the effect of dynamic content in the POS learning of a user. After the pre-test, participants received a training course by using the proposed system by providing dynamic content. The training course was consisting of multiple sessions. After finishing the training course, all participants were invited to perform a post-POS test for assessing their part-of-speech learning abilities. Finally, results shows that the proposed system improves the learning experience by providing dynamic content and get better results. The comparative results of the pre and post-POS learning test are shown in Fig 12. The line graph shown in Fig 12 reveals that blue line i.e., the performance of the student before using the system whereas the brown line represents the post-test performance (i.e. getting training on the proposed system) has recorded improvement in overall results. In this case, the overall performance has been increased by 6.6 percent. Thus, the results indicate that providing dynamic POS recommendations helps in language learning. It can be noticed that the performance of the subjects is less improved as compared to the experiment no. 1. The only reason that we can see is the role of context parameters. The performance of the learner in learning POS can be improved by utilizing the contextual details of the end-users.
Apart from the above comparison, POS tags based results are also presented. In pre and post evaluations, various POS tags questions were evenly distributed so that we can get a complete picture of the overall learning instead of getting results on the small type of POS tags. In Table 8 , the frequencies of various tags are shown. For example, the most frequently occurred POS tag is Noun which occurs around 6000-time in total content. Similarly, the second one is Preposition represented by ''IN'' i.e. 4336 times the whole database.
In Fig 13 results of subject with respect to different tags are presented. The data shown in Figure 13 is gathered after Experiment No. 1 (i.e. Context-aware based learning). In Fig  13, as it can be seen that high performance in learning POS was recorded in the case of a VBN tag. Similarly, No performance was recorded in case of a verb. However, overall performance was increased for most of POS tags. In Fig 14, POS tags based comparison is shown after experiment no. 2 (i.e. dynamic content based learning). In this figure, the subject performance before the test is shown with blue bar whereas brown bar shows the performance after the Post-test. On average, 4.8% performance was recorded.
V. CONCLUSION AND FUTURE WORK
Learning Part-Of-Speech is of utmost importance for learning the English Language. In literature, different learning systems have been proposed to tackle this problem. This research presents the evaluation of the previous literature and it was found that existing systems have many limitations such as: firstly, they are unable to provide the dynamic contents to the individual learner; secondly, they are unable to consider learner's context, preferences and learning behavior. Thirdly, these systems lack in addressing comprehensive learning parameters, particularly for English language learning. Fourthly, context-based systems are based on just a few context factors to provide POS recommendations. Lastly, only a few systems provide support to learn part-ofspeech. The importance of the English language is undeniable. The English language is considered is the language of international communication. Learning the English language increases opportunities in manifold from business to entertainment. However, English language learning may be a challenging and time-consuming task for non-English speakers. The proposed system helps non-native speakers in a friendly manner to understand the basic constructs of the English language. The proposed system, make use of users' contextual details and presents particular content aligned with their context. The research presented Context-aware POS (C-POS) learning system. The Context is a key factor in the C-POS learning system and strongly needed when appropriate partof-speech is recommended to the individual learner and vice versa. It was found that the it helps in improving the learning experience by considering contextual information. Similarly, without context factors, the less performance improvement was marked.
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